Abstract The brain's mature functional network architecture has been extensively studied but the early emergence of the brain's network organization remains largely unknown. In this study, leveraging a large sample (143 subjects) with longitudinal rsfMRI scans (333 datasets), we aimed to characterize the important developmental process of the brain's functional network architecture during the first 2 years of life. Based on spatial independent component analysis and longitudinal linear mixed effect modeling, our results unveiled the detailed topology and growth trajectories of nine cortical functional networks. Within networks, our findings clearly separated the brains networks into two categories: primary networks were topologically adult-like in neonates while higher-order networks were topologically incomplete and isolated in neonates but demonstrated consistent synchronization during the first 2 years of life (connectivity increases 0.13-0.35). Between networks, our results demonstrated both network-level connectivity decreases (-0.02 to -0.64) and increases (0.05-0.18) but decreasing connections (n = 14) dominated increasing ones (n = 5). Finally, significant sex differences were observed with boys demonstrating faster network-level connectivity increases among the two frontoparietal networks (growth rate was 1.63e-4 per day for girls and 2.69e-4 per day for boys, p \ 1e-4). Overall, our study delineated the development of the whole brain functional architecture during the first 2 years of life featuring significant changes of both withinand between-network interactions.
Introduction
The mature human brain features not only specialized but also interacting functional networks (Friston et al. 1993) . Such network organization facilitates both single-modal processing and multi-modal integration. Disruptions of the brain's network structure are associated with neurodevelopmental (Dickstein et al. 2010; Di Martino et al. 2010; Fair et al. 2010 ) and neurodegenerative brain disorders (Andrews-Hanna et al. 2007; Greicius et al. 2004; Rombouts et al. 2005; Wang et al. 2012 ). Thus, a better understanding of the brain's network organization is of critical importance. The resting-state functional magnetic resonance imaging (rsfMRI) (Biswal et al. 1995) has been proven to be a powerful tool in delineating the complex architecture of the brain's functional neural networks.
Based on a data-driven probabilistic independent component analysis (ICA) approach, Damoiseaux et al. (2006) identified a set of resting-state networks (RSNs) that are consistently observed across healthy normal subjects. Using a clustering approach, Yeo et al. (2011) similarly defined a functional network parcellation of the entire cerebral cortex that shows largely consistent spatial topologies as those defined by Damoiseaux et al. Importantly, Smith et al. (2009) reported ten functional networks showing highly consistent topologies between resting and activation states, suggesting a converging brain network architecture between resting and task dynamics. These studies provide parsimonious representations of the whole brain functional system that have far reaching benefits to our understanding of both normal and abnormal brain functional mechanisms.
While the above-mentioned studies have revealed the mature brain functional network architecture, our understanding of the early brain functional developmental process remains largely in the dark and deserves similar delineation (Power et al. 2010; Fair et al. 2008 Fair et al. , 2009 Kelly et al. 2009; Supekar et al. 2009; Gao et al. 2011) . Recent studies have begun to illuminate this area by delineating the emergence of individual functional networks such as the visual network (Doria et al. 2011; Lin et al. 2008; Fransson et al. 2007 ), the sensorimotor network (Lin et al. 2008; Doria et al. 2011) , the default-mode network (Raichle et al. 2001; Gao et al. 2009; Fair et al. 2008; Doria et al. 2011) , and the dorsal attention network (Corbetta and Shulman 2002; . These studies suggest earlier maturation of primary functional networks, which are already synchronized at birth (Smyser et al. 2010; Fransson et al. 2007 ), than higher-order ones, which experience prolonged postnatal synchronization processes (Gao et al. 2009 Fair et al. 2008) . Despite these exciting findings, critical questions remain. For example, without a longitudinal design, the network-specific growth trajectories during the critical early development period are difficult to delineate. Moreover, given the increasing awareness of the importance of functional interactions among large-scale functional networks in both normal (Elton and Gao 2014; Gao et al. 2013; Spreng et al. 2010; Fornito et al. 2012 ) and abnormal brain functioning (Sripada et al. 2012; Stern et al. 2012 ), a systematic examination of all possible functional networks and their corresponding network-level interactions during early developmental period may be especially important for advancing our understanding of the brain's functional mechanisms. Finally, given the apparent behavioral differences between boys and girls (Gaulin 1993; Kail 1993) , potential sex effects on the brain's functional network development in early childhood are also interesting scientific questions to explore.
In this study, we aimed to address these questions by examining a large cohort of infants with longitudinal scans of rsfMRI at birth, 1 year, and 2 years of age (n = 143, each infant scanned at least twice, total number of scans = 333). With the aim to delineate the development of the whole brain network architecture, probabilistic ICA was adopted to simultaneously delineate all possible functional networks within each age group. Longitudinal linear mixed effect modeling was conducted to characterize the growth trajectories of both the intra-and inter-network functional connectivity. Finally, sex differences on the development of the brain's functional network connectivity were also explored. For intra-network synchronization, we hypothesized that primary networks would feature adultlike topology at birth while higher-order networks would show largely incomplete structure in neonates but dramatic synchronization during the first 2 years of life (Gao et al. 2009 (Gao et al. , 2011 . For inter-network connectivity, both network-level interaction decreases and increases were expected (Tau and Peterson 2010) . Finally, given the documented relationship between functional connectivity and sex differences in different behaviors (Gaulin 1993; Kail 1993; Kilpatrick et al. 2006; Tomasi and Volkow 2012) , we also hypothesized the emergence of sex differences on the growth of network functional connectivity during early childhood.
Materials and methods

Subjects
Participants were part of a large study characterizing brain development in normal and high-risk children Alcauter et al. 2013; Gao et al. 2009 Gao et al. , 2011 . Informed written consent was obtained from the parents of all participants and all study protocols were approved by the University of North Carolina at Chapel Hill Institutional Review Board. We retrospectively identified 143 healthy normal subjects (77 males) scanned at least twice during the first 2 years of life: neonates (n = 112, mean age 33 ± 19 days), 1-year-olds (n = 129, mean age 13.3 ± 1.2 months) and 2-year-olds (n = 92, mean age 25.4 ± 1.1 months). The distribution of ages at which the subjects were longitudinally scanned is shown in Table 1 . Inclusion criteria were birth between gestational age of 35 and 42 weeks, appropriate weight for the gestational age and the absence of major pregnancy and delivery complications as defined in the exclusion criteria. Exclusion criteria included maternal pre-eclampsia, placental abruption, neonatal hypoxia, any neonatal illness requiring greater than a 1 day stay at a neonatal intensive care unit, mother with HIV, mother using illegal drugs/narcotics during pregnancy, and any chromosomal or major congenital abnormality. Before imaging, subjects were fed, swaddled, and fitted with ear protection. All subjects were in a natural sleep state during the imaging session. A board-certified neuroradiologist (JKS) reviewed all images to verify that there were no apparent abnormalities.
Imaging
All images were acquired with a 3T MR scanner (Siemens Medical systems, Erlangen, Gernamy). Resting-state functional MRI (rsfMRI) was acquired using a T2*-weighted EPI sequence: TR = 2 s, TE = 32 ms, 33 slices, voxel size of 4 9 4 94 mm 3 . 150 volumes were acquired in a 5 min scan. In order to provide anatomical reference, structural images were acquired using a 3D MP-RAGE sequence (TR = 1,820 ms, TE = 4.38 ms, inversion time = 1,100 ms), with a voxel size of 1 9 1 9 1 mm 3 .
Data analysis
Functional data were preprocessed using FMRIBs Software Libraries (FSL, v 4.1.9) (Smith et al. 2004 ). The preprocessing steps included discarding the first ten volumes, slice timing correction, motion correction, high pass ([0.01 Hz) and low pass filtering (\0.08 Hz). Mean signal from white matter, cerebrospinal fluid, whole brain, and six motion parameters were removed using linear regression. Adaptive spatial smoothing according to different brain sizes was performed with a Gaussian kernel with sigma 1.7, 3.3 and 3.8 mm for neonates, 1-year, and 2-year-olds, respectively. In order to further reduce the effect of motion on functional connectivity measures, the ''scrubbing'' approach by controlling the global measure of signal change (0.5 %) and framewise displacement (FD, 0.5 mm) were carried out as proposed by Power et al. (2012a) . A lower limit of more than 90 volumes remaining after this scrubbing process was set as one of the inclusion criteria. Given the recent suggestion of more stringent scrubbing threshold (FD \ 0.2 mm and signal change \0.3 %) (Satterthwaite et al. 2012 (Satterthwaite et al. , 2013 Power et al. 2013) , the results from the more stringent threshold were also obtained for comparison. For each subject and session, after an initial rigid alignment between functional data and the T 1 high resolution structural image, a nonlinear transformation field was obtained from the individual T 1 image to the corresponding age-specific template using FSL (Smith et al. 2004 ). The template images were obtained from one subject with longitudinal scans at 2 weeks, 1-year and 2-year-olds. The combined transformation field was used to warp the preprocessed rsfMRI data to the template. This study focused on the development of cerebral cortical networks so only areas covered by cortical brain regions were extracted for subsequent analysis using UNC infant atlases (Shi et al. 2011) , which were registered to the longitudinal template using a nonlinear transformation with FSL (Smith et al. 2004 ).
To explore the functional network structure of the human brain cortex during infancy, probabilistic ICA was carried out in each of the three age groups separately using FSL. Specifically, following concatenation of time series from individual subjects, group fMRI data were decomposed into 21, 22 and 24 independent components for neonates, 1-and 2-year-olds, respectively, using the FSL's melodic algorithm. The number of components was estimated using the Laplace approximation (implemented in FSL's melodic). To better understand the functional relevance of all ICA-defined networks and examine when and how adult-like network topology emerges, nine adult functional neural networks delineated by Smith et al. (2009) were used as references to group the pediatric components. They include the medial occipital network, the occipital pole network, the lateral visual/parietal network, the default-mode network, the sensorimotor network, the auditory/language network, the salience network, and the two lateralized frontoparietal networks. Note the cerebellum network was excluded given the focus of this study on cortical brain networks. Specifically, infant components were matched, based on spatial similarity, to the adult functional network with which it demonstrated the highest spatial correlation (compared with the remaining 8 networks) and for which the spatial correlation passed a threshold of 0.2. This constrained matching procedure ensured the identification of not only the best match but also a decent match (spatial correlation higher than 0.2). After automatic matching, a visual inspection was carried out and topological correspondence between infant and adult networks was confirmed. Before this spatial matching process, components apparently representing motion artifacts and/or large vessels were identified and excluded. The components that failed to find a match to one of the nine adult functional networks based on the criteria described above were also excluded from subsequent analyses.
To define non-overlapping functional regions from each network for subsequent quantitative analyses, a voxel-wise ''winner-takes-all'' approach . This procedure yields 21, 23, and 33 functionally defined regions for neonates, 1-year-olds, and 2-yearolds brain, respectively. To establish a common set of ROIs for subsequent quantitative delineation of the network growth trajectories, a second level of ''winner-takes-all'' parcellation was done to group the regions defined for 2-year-olds into the nine reference adult networks. Specifically, each defined region was labeled as belonging to the network within which the region showed the highest mean ICA score. By doing this we developed a networklevel parcellation of the 2-year-old brain which was subsequently used as a template (warped to neonates and 1-year-olds (Shen and Davatzikos 2004) ) to quantitatively characterize the development of within-and between-network connectivity. Specifically, mean inter-regional functional connectivity was calculated for each network and each subject to represent within-network synchronization level and longitudinal modeling was conducted to characterize whether and how individual networks become synchronized during the first 2 years of life. Mean interregional connectivity between pairs of regions from two networks was calculated to represent between-network interactions and similarly analyzed. For longitudinal modeling to delineate the network growth curves, linear mixed-effect (LME) model was selected and implemented in R. Specifically, for each within-and between-network interaction, both a linear model and a log-linear model with age or log(age) as fixed effects plus the intercept and sex terms were built. The loglinear model was tested based on previous findings of more dramatic functional development during the first year than the second for different functional networks Gao et al. 2009 . Moreover, an interaction term between sex and either age or log(age) was also added to detect potential sex effects on the growth rates. Random effects were added for both the intercept and the age term (either age or log(age)). When the sex by age (or log(age)) interaction term was not significant, reduced models with only the intercept and age term (either age or log(age)) were built to model the main growth effects. For all models, the residual framewise displacement (FD) measure after the previously described scrubbing process was modeled as a covariate of no interest to control for the residual motion artifacts. Akaike information criterion (AIC) was used to gauge whether the linear (i.e. age) or log-linear model (i.e., log(age)) with age was a better fit for each measure and the better model was subsequently reported in our results section. Significant effects were defined as p \ 0.05 after FDR correction of all networklevel models.
In addition to longitudinal modeling, the cross-sectional representation of the functional connectivity pattern among the 33 defined regions was visualized using springembedding plots (Ebbels et al. 2006 ) based on the agespecific correlation matrices. Specifically, all regional connections were statistically tested (t test) and only those significantly positive ones (p \ 0.05 after FDR correction in each age group) were modeled and visualized. Springembedding plots optimize the spatial location of all nodes in a graph based on their functional connectivity strengths so that the stronger the functional interaction the closer their spatial locations and vice versa.
Results
Sixteen, seventeen, and eighteen components from the neonates, 1 and 2 year group, respectively, were successfully grouped into nine adult network categories and are shown in Fig. 1 . Consistent with our hypothesis, both the medial visual and sensorimotor network in neonates showed adult-like topology featuring local connectivity within the occipital lobe (Fig. 1a) and bilateral connectivity between sensorimotor cortices (Fig. 1e) , respectively. All other neonatal components demonstrated local or bilateral homologous connections but were far from adultlike at this early age primarily because of the spatially distributed nature of these higher-order networks in their mature form (Fig. 1) . Note the occipital pole network observed in adults (also in the two later age groups) did not have a match in neonates. The matching of multiple components with the same adult network seemed to represent different subparts of the same network although one should be cautious that this does not imply the existence of the complete network in infants. In 1-year-olds, except for the sensorimotor network, there were dramatic changes for all other networks. For instance, the medial visual network and the occipital pole network were clearly separated. Adult-like network topology arose for all other networks with at least one component within each category (Fig. 1 ) demonstrating higher than 0.4 spatial correlation with the corresponding adult network (the highest r = 0. 80, 0.73, 0.65, 0.40, 0.43, 0.48, 0.42, 0.64, 0.49 , for each of the nine networks, respectively, p \ 1e-6 for all pair-wise correlations, Fig. 1 ) which was consistent with the general emergence of adult-like distributed network structures observed at this age. The network structure of 2-year-olds remained highly consistent with that of 1-year-olds with only minor refinements (the highest r = 0. 75, 0.71, 0.66, 0.55, 0.41, 0.53, 0.49, 0.62, 0 .41, respectively, p \ 1e-6 for all pair-wise correlations, Fig. 1 ). The components that were functionally meaningful but did not match with any of the 9 adult networks are shown in Fig. S1 and those components clearly demonstrating artifacts are presented in Fig. S2 .
The functional regions defined using a winner-takes-all approach based on the ICA components defined in each individual group are shown in Fig. 2 . Further, the 33 functionally defined regions in 2-year-olds were grouped according to the 9 adult reference networks and are shown in Fig. 3 . Using the 33 regions defined in 2-year-olds group as template, the spring-embedding plot of the functional relationship among these regions demonstrated a scatteredto-clustered pattern (Fig. 4a ): in neonates, regions within different networks (represented by different colors) were inter-mixed and there was no network clustering pattern except for the sensorimotor network (yellow color); in 1-year-olds, however, nodes with the same color became more grouped while in 2-year-olds, all same-colored nodes formed closely interacting clusters. This qualitative network synchronization pattern was also supported by the quantitative delineation of the growth curves of withinnetwork functional connectivity as shown in Fig. 4b : all within-network connectivity measures, except for that of the sensorimotor network, demonstrated significant loglinear growth during the first 2 years of life indicating dramatic within-network synchronization. Note the medial visual and occipital pole network were not included in this plot since only one region was observed for each network so there was no intra-network connectivity measured. The yearly growth of each network, calculated as the difference of the mean connectivity strength between two consecutive years is presented in Fig. 4c . Again, the non-linear growth trend was clear: much more dramatic within-network connectivity changes were observed during the first year (connectivity increases ranging from 0.17 to 0.38) than the second (connectivity increases/decreases ranging from -0.06 to 0.05, overall connectivity increases throughout the first 2 years of life ranging from 0.13 to 0.35). Across the six synchronizing networks, the auditory/language is the fastest growing network followed by lateral visual/ parietal, default, right frontoparietal, salience, and left frontoparietal network (Fig. 4c) .
For between-network interactions (Fig. 5 ), 14 out of 36 were found to be significantly decreasing while only 5 were increasing (Fig. 5a) . Specifically, the 14 inter-network connectivity decreases were found among primary networks (n = 3), between primary and association networks (n = 7), and among higher-order cognitive networks (n = 4). In contrast, the 5 network-level integrations existed only among association networks (i.e., Frontopari-
Visual/Parietal, Frontoparietal R-Auditory/language, and Auditory/language-Frontoparietal L, Fig. 5a ; Table 2 ). Fig. 5b , c showed the yearly growth of the 14 network-level connectivity decreases (overall connectivity decreases during the first 2 years of life ranging from -0.02 to -0.64) and 5 network-level connectivity increases (overall connectivity increases during the first 2 years of life ranging from 0.05 to 0.18), respectively. For network-level decreases, those between primary networks were among the fastest decreasing ones (1st, 2nd, and 5th, Fig. 5b ). All within-and between-network changes in functional connectivity are summarized in Table 2 . For both the intra-and inter-network connectivity growth, highly consistent results were observed when either using more stringent motion correction thresholds or adopting no global signal regression (Figs. S3, S4 ; Table  S3 ).
Significant sex and growth rate interactions were detected for one inter-network connection: the rate of Fig. 2 Functional parcellation of the brain in infants using a ''winner-takes-all'' approach based on the age-specific ICA components. a Neonates; b 1-year-olds; c 2-year-olds. Color bars represent the different ICA components that each functionally parcellated region belongs to (i.e., 16, 17, and 18 for neonates, 1-year-olds and 2-year-olds, respectively) age-dependent increase in connectivity between the two frontoparietal components was greater in boys than girls (growth rate was 1.63e-4 and 2.69e-4 per day for girls and boys, respectively, p \ 1e-4 for the gender 9 growth rate interaction, Fig. 6 ). No significant gender effect was observed for any other between-network or within-network connections.
Discussion
In this study, we delineated the development of the whole brain functional network architecture during the first 2 years of life based on longitudinal modeling of a large cohort of infants (n = 143) with multiple scans. Our results show that local connectivity and bilateral symmetric functional connectivity emerge in neonates forming adultlike primary visual and motor-sensory networks. However, higher-order functional networks experience dramatic long-range synchronization postnatally. For inter-network interactions, network-level connectivity decreases dominate network-level connectivity increases. Finally, significant sex differences were observed for the integration between the two components of the frontoparietal network (boys faster than girls).
Consistent with our findings of adult-like visual and sensorimotor networks at birth, the prenatal development of visual and sensorimotor functions was well documented (Prechtl 1989; Kostovic et al. 1995; Doria et al. 2011) . Bilateral symmetric connectivity between early visual and pre-/post-central areas was observed prenatally (Doria et al. 2011; Smyser et al. 2010) . The early synchronization of these two primary networks (Lin et al. 2008 ) and proper functioning of corresponding skills may be evolutionally optimized to ensure early survival. Interestingly, the interaction between the two visual components shows a linear specialization trend during the first 2 years of life (Fig. 5) . Similarly, the connectivity within the sensorimotor network also experienced age-dependent decreases during this time (Fig. 4) . Such reduction in connectivity strength may represent functional specialization and a trend towards more efficient interaction patterns in primary functional areas (Tau and Peterson 2010) .
The first year of life witnesses impressive increases in within-network functional connections (Fig. 4) , which is highly consistent with the qualitative emergence of distributred network structures as shown in Fig. 1 . Previously, we have shown the synchronization process for the defaultmode (Gao et al. 2009 ) and dorsal attention network , respectively. In this study, we extended such findings to all major networks that are observed in adults including the lateral visual/parietal, the auditory/language, the salience and the frontoparietal networks. Behaviorally, the dramatic synchronization process of these higher-order cognitive networks corresponds well with the fast improvement in spatial attention (Haith et al. 1988; Rothbart and Posner 2001) , language (Conboy et al. 2008) , social awareness (Amsterdam 1972; Field 1979) , and other higher-order brain functions (Posner and Rothbart 1998; Rothbart 1990 ) during this period. However, future studies directly linking functional connectivity development and behavioral measures are needed to validate their relationships. Overall, findings in this study suggest that the first year of life is a critical period for the establishment of various spatially distributed functional networks (Tau and Peterson 2010) .
In contrast to within-network synchronization, widespread inter-network connectivity decreases were observed during the first 2 years of life. Specifically, 14 networklevel interactions decrease while only 5 of them show increases (Fig. 5) . Among them, the fastest decrease of connectivity between primary visual and sensorimotor networks likely indicates an increasing level of functional segregation between the two sensory modalities (Fig. 5) . (2015) 220:1173-1186 1179 Fig. 4 The development of within-network functional connectivity. a Spring-embedding plots showing the development of the connectivity pattern of 33 functionally defined regions based on 2-year-olds data. Regions belonging to the same network (Fig. 3) are labeled the same color; b longitudinal growth trajectory of the mean connectivity within each network. The group-mean growth model of each network represented by the fixed effect parameters is plotted on top of the ''spaghetti'' plot of functional connectivity changes observed in individual subjects. Males are shown in gray while females are shown in green. Models featuring age-dependent decreases in connectivity are visualized in blue while those featuring age-dependent increases are visualized in red. P values of each model (the growth term) are shown at the right bottom of each panel; c yearly growths of withinnetwork functional connectivity in descending order according to year 1 growth measurements. Note the medial visual and occipital pole networks were not included in b and c since only one region was defined for each of the networks and there was no inter-region withinnetwork connection
The largest portion of network-level connectivity decreases was between primary networks and associative ones (9 out of 16, Fig. 5 ) likely indicating emerging specializations between primary and higher-order cognitive functions during early development. The three decreasing networklevel interactions among higher-order cognitive networks also agree with the dissociable functional roles between the default-mode and lateral visual/parietal network (Raichle et al. 2001; Buckner et al. 2008) , between the default-mode and salience network (Seeley et al. 2007; , as well as between the salience and frontoparietal network (Seeley et al. 2007 ). Particularly, the lateral visual/ parietal network in this study resembles the dorsal attention network in its topology and the early functional segregation between this network and the default-mode network has been reported in one of our previous studies . Since the dorsal attention network is mainly active in external attention tasks (Corbetta and Shulman 2002) while the default-mode network is mainly involved in selfrelated internal thinking process Gusnard et al. 2001; Raichle et al. 2001; Shulman et al. 1997; Fox et al. 2005) , the early segregation of this pair of networks is intriguing and coincides with behavioral observations of the competing external attention processes (i.e., focusing attention to a new toy) and internal stress states (i.e., crying) during the first year of life (Harman et al. 1997; Rothbart and Posner 2001) . Taken together, the observed inter-network connectivity decreases are consistent with the functional segregation pattern of the adult brain supporting the notion that during this early brain developmental period different networks are not only establishing their within-network coordination but also establishing increasingly adult-like between-network segregation patterns. Among the five network-level connectivity increases, two were between the auditory/language network and the frontoparietal components. This increasing level of coordination may reflect an increasing need for cognitive control over the language-related processes which are quickly developing during this period of time (Conboy et al. 2008) . Given the close relationship between the two frontoparietal components, the increasing integration between them may represent improving coordination within the large system (Vincent et al. 2008) . The increasing connectivity between the default-mode network and the right frontoparietal network during the sleeping state in this study is less intuitive since heightened Fig. 5 a Graph showing the age-dependent growth trend of internetwork connectivity. Network-level specializations (i.e., age-dependent decrease in connectivity) are shown in blue while network-level integrations (i.e., age-dependent increase in connectivity) are shown in red. Green asterisks represent significant sex differences (p \ 0.05 after FDR correction); b yearly growth of the 16 network-level specializations in descending order according to year 1 growth measurements; 1 medial visual-occipital pole; 2 medial visualoccipital pole; 3 medial visual-frontoparietal L; 4 medial visualauditory/language; 5. occipital pole-sensorimotor; 6 default-sensorimotor; 7 medial visual-frontoparietal R; 8 occipital pole-auditory/ language; 9 medial visual-lateral visual/parietal; 10 sensorimotorfrontoparietal R; 11 default-salience; 12 lateral visual/parietalsalience; 13 salience-frontoparietal L; 14 lateral visual/parietaldefault; c yearly growth of the 4 network-level integrations in descending order according to year 1 growth measurements All parameters were from linear mixed effect modeling of corresponding functional connectivity measures. Only parameters from the better fitted model (either linear or log-linear, according to the AIC criterion) were presented. Statistically significant increasing connections with age are in bold, decreasing connections with age are in bold italics interaction of these two components is typically observed with elevated levels of cognitive demands Spreng et al. 2010; Elton and Gao 2014; Gao et al. 2013) . However, the developmental significance of this interaction likely differs from its adult roles (Johnson 2000) and needs further investigation. Finally, the significant sex differences observed for the inter-network connectivity development are intriguing. Specifically, boys demonstrated faster integration of the two frontoparietal components compared with girls. Given the clear executive control role of the frontoparietal network in complex external goal-directed tasks (Seeley et al. 2007; Vincent et al. 2008) , this finding might suggest boys would gain developmental advantage along this line of behaviors during development, which may find certain support from previous behavioral findings (Busch 1995; Chai and Jacobs 2009) . Overall, successful detection of sex differences on network-level functional connectivity in this study suggests that resting-state fMRI could be used as an effective means for delineating the brain basis of sexrelated behavior differences in a developmental setting.
Technical considerations
To explore the whole brain functional network architecture, the data-driven ICA approach was adopted in this study to objectively define all possible functional networks for each age group. In contrast to seed-based analysis which is only capable of delineating specific functional networks based on pre-defined seed regions, ICA is able to simultaneously unveil all possible network structures within the brain by maximizing temporal similarity within components and spatial independence among components (Calhoun et al. 2001) . Therefore, ICA is deemed to be better suited for this study which aims to objectively evaluate the emergence of all potential functional networks during early brain development. However, there are recognized difficulties in the functional interpretation of the components derived from ICA and a commonly accepted approach to alleviate such difficulties is to spatially match ICA components to known functional networks to ease the interpretation (Gao et al. 2009; Greicius et al. 2004) . Therefore, with the aim to delineate how adult-like functional networks emerge during infancy, we chose to use the nine cortical networks defined in Smith et al. (2009) as reference networks to spatially match the ICA components derived from each individual age groups to facilitate our interpretation of the development of cortical networks.
Several other technical issues deserve further discussion. First, the definition of functional regions was based on a ''winner-takes-all'' approach using the derived ICA components. This approach was used to define spatially non-overlapping regions since overlapping regions in ICA components, which occur frequently, may contaminate the connectivity estimate between different functional networks. In the future, the application of more sophisticated functional parcellation approach (Craddock et al. 2012) within ICA-defined large regions may be beneficial to define smaller sub-regions and better remove overlapping between different components. Second, in the spatial matching process, although a relatively low threshold (0.2) was used visual inspection has confirmed spatial correspondence between infant and adult ICA maps. Moreover, the temporal growth patterns of both the within-and between-network connections were highly similar when directly using the adult maps to define the functional regions indicating the effectiveness of this spatial matching. Third, we performed global signal regression in our preprocessing to control for physiological noise instead of applying external monitoring devices primarily because of the great challenge associated with applying these devices to sleeping infants. Chang and Glover (2009) showed a high correspondence between the global signal and the externally monitored respiratory and cardiac signals. Therefore, it is highly plausible that such physiological confounds have been substantially minimized using this regression approach (Power et al. 2014) . Moreover, we tried to focus our discussion on the relative changes of functional connectivity. Indeed, direct comparisons of the growth curves for both within-and between-network connectivity show highly consistent results between data with and without global signal regression (Figs. S3, S4; Table  S3 ). In addition, although ICA has the capability to separate artifact signals, it was applied on standard preprocessed images in this study with an aim to maximize its power in separating relevant signals into functionally meaningful functional networks rather than separating noise signals. Finally, regarding the motion artifacts, we have implemented the ''scrubbing'' method (Power et al. 2012a ) to further reduce potential motion contamination after spatial re-alignment. Given the recent suggestions of a more stringent threshold (Power et al. 2012b ) (frame-wise displacement \0.2 mm and signal intensity change \0.3 %) comparing with the one used in the main analyses (frame-wise displacement \0.5 mm or signal intensity change \0.5 %), we have provided results comparing the two scrubbing thresholds and again highly consistent results were obtained ( Fig. S3, S4 ; Table S3 ).
Conclusion
In this study, we have documented the emergence of the whole brain network structure during the first 2 years of life. Using a data-driven independent component analysis (ICA) approach, pediatric brains rsfMRI data were decomposed into individual functional networks and matched with those in adults. A local-to-distributed pattern was observed for most higher-order cognitive networks in which neonates featured isolated local connectivity while distributed network structures developed postnatally, especially during the first year of life. Besides within-network synchronization, different networks are also establishing increasingly adult-like between-network interaction patterns featuring more dramatic network-level connectivity decreases than increases. More importantly, interesting sex differences also emerge during this process. The delineation of the functional network development of the healthy brain during the first 2 years of life may provide critical reference for future investigations into different developmental disorders.
